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ABSTRACT
A large time series of 42 dual–polarimetric co–polarized TerraSAR-
X (TSX) StripMap Synthetic Aperture Radar (SAR) measurements
are exploited to monitor a well-known oil seep area, i.e., the Taylor
Energy site in the Gulf of Mexico. A comprehensive scattering
analysis is undertaken to assess the impact of SAR imaging para-
meters (polarization, angle of incidence – AOI, noise floor) and
environmental conditions (wind speed – WS, oil properties) on
single-polarization SAR–based sea oil seep observation. The main
goal of this study is to evaluate the reliability of the scattering–
based information derived from the time series of TSX SAR ima-
gery. A two-scale backscattering model is considered to give
a physical framework that supports a better understanding of
the effects of the above–mentioned factors.
Experimental results showed that the high TSX noise floor
significantly limits a reliable interpretation of the slick–free sea
surface and oil seep backscattering at AOIs larger than 34 and
26, respectively, since they are contaminated by noise. Hence,
it is shown that, at larger AOIs, the joint contribution of noisy
SAR measurements and low oil backscattering does not result in
a larger oil/sea separability. The latter is not remarkably influ-
enced by polarization and WS, under low–to–moderate condi-
tions. Experiments also demonstrate that, when reliable SAR
measurements are available, sea oil seep backscattering is
affected by the oil’s damping properties more than its concen-
tration in the water column. The time variability of the polluted
area is also estimated using the time series of TSX imagery and
the obtained results agree with independent analysis under-
taken on the same test site.
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1. Introduction
Oil seepages include natural flow of gaseous and liquid hydrocarbons drifting from
below the sediments through the water column, as well as loss from leaking reservoirs
(Woods 2011). Naturally occurring oil seepages from the seafloor are the largest source
of oil entering the world ocean (they account for nearly half of the oil released into the
ocean environment every year) and, as well as deliberated/accidental oil discharges, they
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can be toxic to marine mammals, seabird, fish, and benthic communities and they also
pose threats to the human health (Gesteira and Dauvin 2000; NRC 2003).
Observing oil seepages is of paramount importance to protect the environment and
in the context of oil exploration activities. The latter are nowadays moving onto the
deep and ultra deep ocean waters; hence, resulting in progressively higher risk and
costly exploration activities.
Therefore, offshore oil seepages observation by high-resolution spaceborne remote
sensing instruments acts as a marker of the presence of hydrocarbons, thus offering an
effective and cheaper way to locate offshore oil reserves (Jatiault et al. 2017).
Spaceborne Synthetic Aperture Radar (SAR), due to its all-weather fine spatial resolution
imaging capabilities, is a powerful tool to observe anthropogenic sea oil slicks. In simple
terms, the underpinning simplified physical rationale relies on the fact that oil slicks,
reducing the short Bragg resonant waves, generate low backscatter areas which, in the
SAR image plane, appear as patches darker than the background sea (Wismann et al.
1998; Nunziata, Sobieski, and Migliaccio 2009). However, the phenomenology of oil
seeps is completely different from conventional oil spills. In fact, while conventional oil
spills usually appear as thin (e.g., 1 μm to 1 mm) surfactants floating over the ocean
(Leifer et al. 2012; Fingas 2018), oil seeps manifest themselves as crude oil droplets,
different in size, shape, and distribution, flowing in a non-uniform way from the bottom
of the ocean upward towards the surface (Woods 2003). The subsurface evolution of oil
seeps is mainly driven by underwater horizontal currents, vertical turbulence and buoy-
ancy of oil droplets, and other water mass movements that steer the trajectory of oil
droplets into the water column, while the surface fate of oil seeps is ruled by ocean
surface currents, winds and other meteo–marine conditions that determine shape and
lifespan of the slick (Valentine et al. 2014).
Operational SAR–based sea oil slick observation mainly relies on single-polarization
SAR imagery that allow observing very large areas with a moderate–to–fine spatial
resolution (Brekke and Solberg 2005; Gade et al. 1998; Wismann et al. 1998; Mera
et al. 2017; Solberg 2012; Cheng et al. 2014). Methods developed in literature mainly
consist of computer-based approaches, i.e., neural networks, support vector machine,
etc., aimed at detecting surface oil spills against the sea surface background and
discriminating them from oil look-alikes. This task is accomplished extracting from
single-polarization SAR imagery a large set of features, including intensity and morpho-
logical parameters of the selected dark area, which provide a certain probability that the
detected dark area is due to an oil slick (Brekke and Solberg 2005; Gambardella et al.
2010). Nevertheless, although several studies aimed at exploiting large time series of
single-polarization SAR imagery for sea oil spill detection have been proposed (Mera
et al. 2017; Garcia–Pineda et al. 2017; Solberg, Brekke, and Husoy 2007; Del Frate et al.
2000; Solberg et al. 1999; Girard–Ardhuin et al. 2005; Xu et al. 2016; Singha, Bellerby, and
Trieschmann 2013), fewer studies dealt with the monitoring of sea oil seeps even if, in
recent years, they are receiving greater attention due to the exploration of deep and
ultra-deep waters (Jatiault et al. 2017; Suresh et al. 2015; de Miranda et al. 2004; Garcia–
Pineda et al. 2009; Korber et al. 2014).
When dealing with sea oil slick observation, several methodologies have been pro-
posed that are typically tested using large data set of SAR imagery (i.e., from about 20
up to about 2000 scenes) collected over different areas (Mediterranean basin, Baltic and
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North Sea, Spanish and Canadian Atlantic coasts and Gulf of Mexico), at different
incident wavelengths (L–, C – and, X–band) and in an extremely wide range of angle
of incidence – AOI (15 – 60). When dealing with natural oil seeps studies, time series of
single-polarization SAR imagery are typically exploited. For instance, in (de Miranda et al.
2004; Garcia–Pineda et al. 2009) and (Suresh et al. 2015; Korber et al. 2014) time series of
about 12 up to about 700 C–band SAR scenes acquired over well-known oil seeps in the
Gulf of Mexico (Cantarell, Campeche Bay) and Black Sea (Colkethi, Pechori Mound,
Batumi and Kobuleti Ridge), respectively, are exploited. In (Jatiault et al. 2017), a large
time series of C – and X–band SAR images collected over the same study area, i.e., the
lower Congo basin, is considered.
All those studies aim at detecting oil seepages generated by the migration from the
seabed faults, distinguishing them from other similar oil slick signatures due to ship/
tankers oil spills or oil look–alikes due to biogenic slicks or other marine–induced
phenomena, identifying the location of the oil seep sites, providing a rough estimation
of the amount of leaked oil and tracking the time evolution of the oil seep. A deeper
analysis of the state–of–the–art related to oil seeps monitoring witnesses that:
● Sea oil seep monitoring is a quite different task if compared to conventional sea oil
slick observation due to the irregular nature of oil seepages, which is due to
random factors as flow rate, surface and subsurface meteo–marine conditions
and oil’s fate;
● SAR represents an important source of information. However, due to the influence
of geological seafloor and oceanographic surface context on sea oil seeps monitor-
ing, a multi-disciplinary approach is strongly suggested to help a complete under-
standing of the phenomenon;
● SAR–based sea oil seeps monitoring is largely based on the exploitation of con-
sistent and homogeneous time series of SAR imagery that inherently carry on
a larger amount of information with respect to the single SAR scene.
In practical cases, those time series were constructed considering SAR scenes collected over
the same area by different SAR sensors and at different AOIs, polarization, imaging modes,
and environmental conditions (Garcia–Pineda et al. 2017; Singha, Bellerby, and Trieschmann
2013; Solberg, Brekke, and Husoy 2007; Jatiault et al. 2017; Suresh et al. 2015). This poses
a key question related to the reliability of the scattering–based features that depend on
both SAR acquisition parameters (AOI, wavelength, polarization, and Noise Equivalent
Sigma Zero – NESZ), environmental conditions (wind speed – WS) and oil properties
(damping, volume fraction). Accordingly, it is of paramount importance investigating back-
scattering from oil-covered sea surface at varying SAR and environmental parameters.
Although the effects of incident wavelength, AOI, polarization, NESZ, WS, and oil properties
on sea oil slick detection have been investigated in several studies (Gade et al. 1998;
Wismann et al. 1998; Minchew, Jones, and Holt 2012; Brekke et al. 2014; Skrunes, Brekke,
and Eltoft 2014, Skrunes et al. 2016; Buono et al. 2016; Skrunes et al. 2015; Brekke et al. 2016;
Ivonin et al. 2016; Latini, Del Frate, and Jones 2016; Nunziata, Buono, and Migliaccio 2018),
such experiments exploited only a limited number of SAR images that were typically
collected by different SAR sensors and/or in different locations, with a narrow range of
AOIs and limited sea state conditions.
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To the best of our knowledge, there is no comprehensive study aimed at:
● Addressing the backscattering from sea oil seeps exploiting a large and homoge-
neous time series of X–band TerraSAR–X (TSX) SAR imagery;
● Discussing the reliability of the scattering–based information extracted from a time
series of TSX SAR imagery collected over a well-known test site with respect to SAR
and environmental parameters.
Hence, in this study, a time series of dual–polarimetric SAR measurements, collected by the
German X–band TSX mission, is exploited to observe the well-known oil seepage related to
the Taylor Energy oil platform site in the Gulf of Mexico. The time series consists of 42 TSX
StripMap imagery collected over the same test site with different polarization (horizontal
transmit and receiving, HH, and vertical transmit and receiving, VV), AOI, andmeteo–marine
conditions. In particular, the analysis addresses to what extent single-polarization SAR oil
slick observation is affected by the above–mentioned factors and by NESZ, pointing out the
effects of SAR acquisition parameters and environmental conditions on VV– and HH–
polarized backscattering from slick–free and oiled area in order to give an understanding
of their joint effects on oil/sea separability and, therefore, on the actual benefits of the time
series for sea oil seepages observation. To provide a physical background that helps in
better understanding the role of the above–mentioned parameters, a scattering model
based on the two scale boundary perturbation backscattering model (BPM) is adopted to
predict slick–free and oil-covered backscattering. The latter is addressed analysing both the
surface and the electric effects of the oil slick.
Model predictions and experimental results show that:
● The time series of TSX imagery is significantly affectedbyNESZ. Thismeans that a reliable
interpretation of oil backscattering can be only undertaken at lower AOI. At larger AOI,
i.e., > about 26, the signal arising from the oil slick is significantly corrupted by noise;
● Slick–free backscattering is also affected by NESZ. This implies that at incidence
angles larger than about 34 the signal scattered–off slick–free sea surface is
corrupted by noise;
● The two co-polarized channels provide similar performance in terms of oil/sea
separability showing that the influence of WS, under low–to–moderate conditions,
is almost negligible;
● When lower AOIs are considered, backscattering from oil seep is mainly affected by
the damping properties of the surfactant. This implies that oil concentration in the
water column, in real cases, plays a marginal role.
In addition, the time variability of the polluted area is also estimated using the time
series of TSX imagery according to the co-polarized phase difference (CPD) approach
proposed in (Migliaccio, Nunziata, and Gambardella 2009; Velotto et al. 2011).
2. Study area and time series of SAR imagery
The study area (Figure 1) is located in the northern part of the Gulf of Mexico near the
Mississippi River delta and extends between 2830ʹ00”N – 2930ʹ00″N and 880ʹ00″W –
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8930ʹ00″W. This area is extremely rich in oil seepages (Migliaccio et al. 2012; Minchew
2012; Migliaccio and Nunziata 2014; Garcia–Pineda et al. 2017). We focused on the area
where the Taylor Energy oil drilling platform is located (2856ʹ17″N, 8858ʹ16″W), see the
red marker in Figure 1. The platform was destroyed by the Hurricane Ivan in 2004 and,
since then, the underwater wells were continuously leaking oil from approximately
150 m depth (Gulf Monitoring Consortium 2011). It was estimated that more than 100
oil gallons enter into the marine environment from the Taylor Energy platform site. This
results in surface oil slicks whose average thickness and lifetime are about 1μm and 4
days, respectively (Gulf Monitoring Consortium 2011).
In order to monitor this area, dual-polarimetric HH–VV TSX SAR imagery have been
acquired in StripMap mode, see Figure 2. The area was observed to be persistently
affected by this anthropogenic oil seep as the slicks were detected in almost 80% of the
data collected over the site (Gulf Monitoring Consortium 2011). Even if strictly speaking
this leakage cannot be considered as a natural oil seep, the underwater origin of the oil
seep together with the involved weathering and ageing processes are fairly the same.
Hence, it represents a good opportunity to have a large and consistent time series of
SAR imagery that covers a well-known oil seepage.
A time series of 42 dual-polarimetric HH-VV TSX SAR imagery, collected in StripMap
mode between July 2011 and April 2016, is exploited. The time series is partitioned into
3 subsets, each consisting of 14 SAR scenes, according to the average AOI (i.e., 26, 34,
and 43), see Table 1.
WS information provided by scatterometer measurements and buoy data (buoy ‘Pill1’
(2910ʹ44″N, 8915ʹ32″W) and ‘42,040’ (2912ʹ29″N, 8813ʹ34″W), which are about 70 km far
Figure 1. Map of the study area, which is located in the northern part of the Gulf of Mexico, close to
the Mississippi river delta. The location of the Taylor Energy oil drilling platform is marked in red.
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from the platform site) is also available, see (Remote Sensing System 2017; NOAA 2017). All
SAR imagery were acquired under low–to–moderate WS, ranging from 1.8 to 8.4 m s1.
Figure 3 shows three dual-polarimetric SAR scenes collected over the same area at different
AOIs. Note that the image is arranged in matrix format with the two columns stand for HH–
and VV–polarized normalized radar cross section (NRCS) imagery, while the three rows refer to
Figure 2. TSX ScanSAR imagery. False colour Pauli images excerpted from the whole dataset
collected over the study are at: (a)–(b) 26, (c)–(d) 34, (e)–(f) 43. The oil seep signature that
changes over time in size and shape is visible as a patch darker than the surrounding sea.
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26, 34 and 43 AOI, respectively. Surface signatures related to the oil seep are visible as
patches darker than the sea background even if, although the same oil seep is imaged in all
the SAR scenes, due to the spatial/temporal variability of the oil seep and the different
acquisition geometry, the oil slick area changes from one image to another.
3. Backscattering model
The lower backscattered signal due to a sea oil slick is typically explained by the damping
properties of anthropogenic oil slicks that reduce the small Bragg resonant waves. Hence,
oil-covered sea surface results in a smaller percentage of the radar signal to be scattered
back to the radar antenna. This physical rationale is based on the fact that, when anthro-
pogenic oil usually exists as very thin surface slicks that are much thinner (  μm) than the
radar incident wavelength (in the range of few centimetres) Fingas (2018). As a result, the
different electromagnetic properties that characterize oil and water have a negligible effect
on the backscattered signal. This is no longer truewhen dealingwith oil–in–water emulsions
or thicker oil layers due to weathering processes (Alpers, Holt, and Zeng 2017).
When dealing with oil seeps, since oil comes from the bottom of the sea, a completely
different scenario applies since the whole water column is affected by oil. This implies that
the layer that interacts with the incident wave (which at X–band extends up to few
centimetres below sea surface (Skrunes et al. 2015)) consists of an oil/water mixture
(Minchew, Jones, and Holt 2012; Minchew 2012). Accordingly, to predict the signal
scattered off the oil/water layer, three effects must be accounted for (see Figure 4):
● The damping of the wind-driven surface roughness;
● The reduction of the wind input to the sea waves;
● The effective permittivity of the oil/water layer.
Hence, in such a case, the scattering model must take into account the effects of both
oil’s damping and oil/water mixture permittivity.
Before characterizing the signal backscattered off an oil seep, it is worth discussing slick-
free sea surface backscattering. In this study, Bragg scattering theory, augmented by a two-
scale sea surface model to account for long-wave structure, is adopted (Voronovich 1985).
Table 1. General information on the time series of SAR imagery. Please note that NESZ values refer
to the HH channel.
Acquisition info
42 X–band HH–VV TSX
StripMap mode SAR scenes
Spatial resolution (m) 1.2  6.6 (slant range  azimuth)
AOI range () 24–44
Data collection period July 2011 – April 2016
Study area Gulf of Mexico
(lat: 28;30;00N – 29;30;00N,
lon: 88;00;00W – 89;30;00W)
Data subset identifier (ID) 1 2 3
Average AOI () 26 34 43
Number of SAR scenes 14 14 14
Data collection range July 2011 – May 2014 September 2011 – June 2014 March 2013 – April 2016
Average NESZ (dB) −23.0 −22.1 −20.9
WS range (m s1) 2.5–7.4 1.8–5.5 1.8–8.4
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Hence, over an AOI range that spans approximately from 20 up to 60 and under low–to–
moderate wind conditions, sea surface backscattering is given, according to (Guissard,
Sobieski, and Baufays 1992; Boukabara et al. 2002), by Equation (1):
Figure 3. Excerpts of NRCS images relevant to three SAR scenes randomly selected from each AOI–based
subset of the time-series (see Table 1): rows (columns) refer to different AOIs (polarizations). (a)–(b)
represent HH– and VV–polarized images, respectively, relevant to the SAR scene imaged on
28 October 2013 with AOI = 26; (c)–(d) represent HH– and VV–polarized images, respectively, relevant
to the SAR scene imaged on 27 October 2027 2013 with AOI = 34; (e)–(f) represent HH– and VV–
polarized images, respectively, relevant to the SAR scene imaged on 11 April 2016 with AOI = 43.
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σ0rt ¼
π
cos2τsp
jRrt;effðθlocÞj2Tslðαsp; βspÞ
þ k
2
4π νz=kð Þ2
ðð
jHrtðK 0X; K 0yÞj2ψRðKx; KyÞTslðK 0X; K 0yÞdKxdKy;
(1)
where σ0rt stands for NRCS while t, r indicate the transmitted and received polarization,
respectively, τsp is the angle between the local normal and the vertical, Rrt;eff is the effective
Fresnel reflection coefficient that accounts for the reduction of the specular–like back-
scattering due to the small-scale roughness on the tangent plane, θloc is the local AOI,
TslðÞ is the slope distribution evaluated at the specular points αsp and βsp, k is the electro-
magnetic wavenumber, HrtðÞ is the surface field function which depends on AOI and the
dielectric constant of the medium w, and ψR is the normalized ripple spectrum (Guissard,
Sobieski, and Baufays 1992; Nunziata, Sobieski, and Migliaccio 2009). In Equation (1):
K 0x ¼ 
νx  Kx
νz
; K 0y ¼ 
νy  Ky
νz
; (2)
where Kx and Ky are the sea wavenumber components along the x and y-axis, respectively,
and where νx, νy and νz are the components along x, y, and z-axis, respectively, of the vector
v ¼ kðs iÞ; (3)
which is the difference between the scattering (s) and the incident (i) directions in terms
of sea wavenumber. Equation (1), according to the two–scale model, predicts the back-
scattered signal (when s ¼ i) as the sum of two contributions. The first (leftmost–side
of the second member) describes the signal backscattered off the long–wave part of the
sea surface spectrum through the Geometric Optic (GO). The second (rightmost–side of
Figure 4. Sketch of NRCS model for the oil seep backscattering.
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the second member) accounts for the small-scale sea surface ripple, which is responsible
for the untitled Bragg scattering, that is modulated by the large-scale roughness result-
ing in a tilted–Bragg scattering. This modulation is mathematically described by the
convolution between ψRðÞ and the slope distribution TslðÞ. Further details on the
implementation of the numerical solution of Equation (1) are given in (Nunziata,
Sobieski, and Migliaccio 2009) and references cited therein.
To predict sea surface backscattering, sea water permittivity, w, is needed. The
reference model is the Debye function that relates the dielectric properties of the sea
water to the frequency ω, the sea surface temperature and the salinity, SST, and SSS,
respectively (Ellison et al. 1998; Meissner and Wentz 2004):
wðω; SST; SSSÞ ¼ h þ s  h1 jωτ þ j
σ
ω0
; (4)
where s, h and 0 are the static, high frequency and vacuum dielectric constants, τ is
the relaxation time, and σ is the sea water conductivity. Note that s, h, τ and σ depend
on both SST and SSS. In (Ellison et al. 1998) an advanced model is proposed that allows
predicting sea water permittivity with an error lower than 1%:
w ¼ h þ s  h1þ ω2τ2 þ j
ðs  hÞωτ
1þ ω2τ2 þ
σ
ω0
 
: (5)
It must be pointed out that the high precision achieved by this model in predicting w is
obtained for frequency (temperature) values lower (higher) than 40 GHz (25C) Ellison
et al. (1998). To predict the signal backscattered off an oil seep, its geometric (i.e.,
damping and reduction of energy transfer) and dielectric effects must be considered.
The damping effect can be approximated using the pure Marangoni viscous damping
coefficient (Lombardini et al. 1989; Pinel, Déchamps, and Bourlier 2008, Pinel, Bourlier,
and Sergievskaya 2014):
CðK; Ej j;φÞ ¼ 1þ Xðcosφ sinφÞ þ XY  Ysinφ
1þ 2Xðcosφ sinφÞ þ 2X2 ; (6)
where X and Y are empirical coefficients that depend on the rheological parameters of
the oil, i.e., its complex dilatational coefficient (modulus |E| and phase φ), and on
dynamic viscosity and density of the sea water.
The energy transfer from the wind to the sea waves is described by the friction
velocity (Nunziata, Sobieski, and Migliaccio 2009; Montuori et al. 2016). Hence, the
presence of a surfactant reduces the energy transfer to the waves and this phenomenon
can be modelled by reducing the friction velocity through a penalty factor β (Nunziata,
Sobieski, and Migliaccio 2009; Montuori et al. 2016):
uf;o ¼ βuf: (7)
where uf and uf;o are the friction velocities of the slick–free and slick–covered sea
surface, respectively. The full-range sea surface spectrum related to the oiled sea surface
can be obtained from the slick–free one using uf;o and CðÞ:
SoðK; x; s; Ko; Ej j;φÞ ¼ SðK; x; s; Ko; uf;oÞCðK; Ej j;φÞ ; (8)
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where x is the fetch, s is the significant wave slope and Ko is the peak wavenumber and SðÞ
is the slick–free sea surface spectrum. In this study, the full-range Elfouhaily sea surface
spectrum is considered Elfouhaily et al. (1997). The latter is composed by an omnidirectional
spectrum, decomposed into a low- and a high-frequency curvature spectrum to take into
account the contributions of long gravity waves and short gravity–to–capillary waves,
respectively, weighted by a spreading function which is symmetric with respect to wind
direction. At low frequencies, the Elfouhaily sea surface spectrum is essentially an advanced
version of the Pierson–Moskowitz spectrum, while high frequencies exhibit a cut–off due to
viscosity damping out the smallest capillary waves.
When dealing with oil seeps, the above–described theoretical rationale must be
specialized to describe their peculiarities (i.e., the oil affects the whole water column).
Hence, the dielectric effect of the oil must be included. This can be described considering
an oil/water mixture and deriving the effective dielectric constant. To describe the
dielectric effects of the oil seep, an accurate model cannot be easily developed for
a twofold reason: from the underwater side, the origin of an oil seep is strongly irregular,
i.e., the oil leak rate and the droplets’ features (concentration, distribution, size, and shape)
are random. From the air–ocean interface side, the surface manifestation of an oil seep,
i.e., the morphological complexity and the composition of the slick, changes with time as
it is exposed to ageing and weathering processes (e. g., evaporation, emulsification, and
dispersion) (Vilcaez, Li, and Hubbard 2013). Hence, two main assumptions are made to
characterize the permittivity of the water column that hosts oil droplets:
● Oil droplets in the mixture are assumed to be homogeneous and spherical-shape;
● The radius of oil inclusions is smaller than the distance between each couple of them.
The first assumption states that oil droplets come from the same source and they
present a spheroidal shape due to the upward flux driven by underwater currents and
low-pressure conditions. The second hypothesis consists of neglecting multiple scatter-
ing effects when the oil concentration in the water column is small enough.
Hence, under these assumptions, the backattering of a heterogeneous oil/water
mixture can be modelled as surface scattering from an equivalent medium characterized
by an effective dielectric constant eff (Skrunes et al. 2015 Brekke et al. (2014). The latter
is modelled according to the Maxwell-Garnett approximation (Mallet, Guerin, and
Sentenac 2005), where the oil/water mixture consists of randomly distributed spherical
inclusions, i.e., oil droplets, with a given concentration, placed within a hosting medium,
i.e., sea water (Shivola 1989):
eff ¼ w 2ð1 δiÞw þ ð1þ δiÞoð2þ δiÞw þ ð1 δiÞo ; (9)
where 0  δi  1 is the oil volume fraction within the water column, i.e., δi = 0 (1)
means slick-free (covered) sea surface, and o is the dielectric constant of the oil that
depends on its chemical/physical properties, e.g., damping, viscosity, and density of its
compounds. The latter change over time according to ageing and weathering phenom-
ena. In (Friiso et al. 1998), it was found that such natural processes result in a slight
reduction of the real part of o, while they have negligible effects on its imaginary part.
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Nevertheless, several studies pointed out that the real (imaginary) part of the crude oil
permittivity belongs, at microwaves, to the range 2–3 (0.01–0.1) (Friiso et al. 1998).
This model represents a noise-free analysis of the slick–free and oiled backscattering.
When contrasting model’s predictions with actual SAR measurements noise must be
accounted for since it limits the signal-to-noise ratio (SNR) to values below 3.0 decibels
(dB). The latter is typically considered a threshold to judge the reliability of the measure-
ments (Skrunes, Brekke, and Eltoft 2014; Minchew, Jones, and Holt 2012; Brekke et al. 2016;
Ivonin et al. 2016). Within this context, SAR observation of oil seeps (as well as sea oil slick
observation) is a challenging application (Migliaccio, Nunziata, and Buono 2015; Alpers,
Holt, and Zeng 2017). In fact, on one side, oil slicks generate low backscattering areas that
result in a backscattering signal strength that is very close or even below the SAR instru-
ment sensitivity, i.e., the NESZ. On the other side, SAR measurements are affected by
additive noise. However, this noise source affects equally both slick–free and oil-covered
backscattering (Migliaccio et al. 2009b). Hence, the main noise source that affects oil/sea
separability is NESZ. The NESZ, which depends on a number of factors, e.g., the antenna
pattern (i.e., the position in the scene), the power of the transmitted pulse, the quantiza-
tion, the receiver noise, and the bandwidth, can be considered as a threshold to determine
whether the received signal is reliable (its power is above NESZ) or not (its power is below
NESZ). For TSX, the expected Noise Equivalent Beta Nought (NEBN) is annotated in the
product’s metadata file in form of polynomials over range at different azimuth time lags
(Eineder et al. 2008). Each polynomial is used to get the image data noise power as
a function of range considering that NESZ and NEBN are directly related by the AOI,
which for sea surface is given directly by the acquisition geometry.
4. Experimental results
In this section, some meaningful experiments are presented and discussed. The time
series, see Table 1, is pre-processed to reduce speckle using a 3 3 average moving
window. The first experiment analyses the backscattered signal measured over slick–free
and oiled sea surface at different polarizations and AOI, including the effects of noise.
The second experiment aims at providing a physical understanding of slick–free sea and
oil seep backscattering for varying polarization and AOI using the backscattering model
described in section 3; the third experiment oil/sea separability is discussed against WS,
polarization, AOI, and NESZ; while the fourth experiment aims at analysing the temporal
variability of the oil seep.
4.1. Multi-polarization data analysis
The first experiment consists of randomly sampling 1000 pixels belonging to slick–free
and oiled region of interests (ROIs) excerpted over the whole time series, i.e., slick–free and
oiled ROIs are excerpted from each SAR scene. The mean and standard deviation of the
HH – and VV–polarized NRCS related to slick–free and oil–covered ROIs (σ0HH and σ
0
VV) are
plotted according to the three subsets identified in Table 1, i.e., the data points are
grouped according to the AOI of the SAR imagery and are depicted in blue (slick–free)
and red (oil–covered), see Figure 5(a,b), respectively. To better understand the role of
sensor and environmental parameters on the backscattering from the oil seep,
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Figure 5. Mean and standard deviation values of: (a) σ0HH and (b) σ
0
VV, evaluated within slick–free
(blue error bars with cross markers) and oil–covered (red error bars with circle markers) ROIs
excerpted over the whole TSX SAR imagery time series. The data points shown are grouped
according to the AOI of the SAR subset they belong to, see Table 1. The NESZ curve is also depicted
in black dashed line for reference purposes.
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a preliminary analysis of slick–free sea surface backscattering is due. When dealing with
the HH channel, it could be noted that σ0HH decreases for increasing AOI, as expected,
since a tilted–Bragg scattering model applies. For a given AOI, slick–free NRCS exhibits
a non-negligible variability. This variability (hereinafter referred as intra–field variability) is
likely due to the different sea state conditions during the TSX images acquisition. The
intra–field variability is almost the same for all AOIs. To quantitatively analyse the HH–
polarized backscattering behaviour, mean and standard deviation values of σ0HH belonging
to each AOI are listed in Table 2. Experimental results confirm that, over slick–free sea
surface, the main backscattering reduction applies in the AOI range 26 – 34 (about 7.0
dB), also confirming the similar intra–field variability at all the AOI. However, as it will be
discussed, the different trends observed at AOIs larger than 34 can be related to the
strong impact of noise (SNR below 3 dB for both HH and VV channels).
With respect to oil-covered sea surface backscattering, the mean NRCS values are always
lower than the corresponding slick–free ones. There is a significant difference between oil-
covered NRCS values evaluated over the subset at AOI = 26, AOI = 34, and AOI = 43. The
largest difference applies at low incidence angles and reduces when increasing AOI. Even
oil-covered NRCS exhibits an intra–field variability, which is likely due to the fact that the oil-
covered area observed by TSX imagery belonging to the same subset is not always the
same. In addition, the damping properties of the oil layer change in space and time due to
meteo–marine conditions. This variability decreases with increasing incidence angle even
considering that for AOIs larger than 26, the role played by the noise tends to be dominant
(SNR significantly below 3 dB). A more quantitative analysis is provided in Table 2 where the
mean and standard deviation values of oil-covered NRCS are listed for each AOI. The NRCS
decreases from AOI = 26 to AOI = 34 (about 3.0 dB); while it exhibits similar values for AOI
= 34 and AOI = 43. The same trend applies for its standard deviation, i.e., the intra–field
variability reduces for increasing AOI. Even in this case, this global trend is mainly due to the
effects of noise, as it will be discussed. The behaviour of VV–polarized backscattering is
depicted in Figure 5(b). The slick–free/oil-covered trend with respect to AOI is similar to the
HH–polarized one (see Figure 5(a)).
To interpret SAR imagery of oil seeps, SNR must be accounted for. Hence, the NESZ
profile of each imagery is extracted with reference to the location (i.e., range and
azimuth of the considered slick–covered ROI). All the extracted profiles are first averaged
over each image and then interpolated over the three AOIs to obtain the average
Table 2. Mean and standard deviation values of σ0HH and σ
0
VV over clean ocean and oil seep evaluated
for the three SAR data subsets partitioned according to their mean AOI. The mean SNR values are
also listed.
AOI ()
ROI Parameter (dB) 26 34 43
Sea σ0HH −11.3  1.9 −18.1  2.0 −20.1  1.3
SNR 10.9 3.4 0.3
σ0VV −11.0  1.8 −17.0  2.2 −18.5  1.7
SNR 11.3 4.9 1.8
Oil σ0HH −19.1  3.1 −22.1  1.2 −21.3  0.9
SNR 2.3 −0.8 −1.1
σ0VV −18.6  2.7 −21.9  1.3 −20.8  1.0
SNR 3.2 −0.5 −0.7
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behaviour of the noise among the whole time series. The result is depicted as a black
dashed line in Figure 5.
It can be noted that, when dealing with slick–free sea surface, both σ0HH and σ
0
VV tend to
approach the NESZ for increasing AOI. In detail, the SNR is well–above the 3.0 dB threshold at
low AOI. This means that surface backscattering is reliable at AOI about 26. As far as AOI
increases (AOI about 34), the SNR of both channels approaches the 3.0 dB threshold making
the physical interpretation of sea backscattering less reliable, and goes below the threshold at
AOI = 43 for both HH and VV channels, see Table 2. This means that at larger AOIs, i.e., > 34,
the noise significantly corrupts the measured signal even over slick–free sea surface.
When dealing with slick–covered sea surface, it can be noted that the signal back-
scattered off sea oil seeps is severely affected by noise. The HH–polarized NRCS falls
below the 3 dB threshold since 26, while oil seep backscattering in VV channel is noise–
corrupted for AOIs > 26, see Table 2. This analysis points out that slick-free (slick–
covered) backscattered signal measured by TSX SAR antenna is reliable in both co–
polarized channels at AOIs  34 (in VV channel only, at AOI about 26).
This behaviour affects the oil/sea separation that, according to Figure 5, decreases
for increasing AOI. This result agrees with the one obtained in (Skrunes et al. 2015),
where it was found that the oil/sea separability in terms of σ0VV sea/oil contrast
reduces (of about 2.5 dB) when AOI increases from about 28 up to about 41.
Nonetheless, this result differs from model’s predictions in (Pinel, Bourlier, and
Sergievskaya 2014) and experimental results in (Minchew, Jones, and Holt 2012)
that showed a sea/oil contrast increasing with AOI under intermediate incidence
angles. This is likely due to the significantly lower NESZ that characterizes UAVSAR
(Unmanned Aerial Vehicle SAR) measurements if compared to the TSX ones
(Minchew, Jones, and Holt 2012; Latini, Del Frate, and Jones 2016). In operational
exploitation of large time series of SAR imagery for sea oil seep monitoring, this
result has remarkable implications. In fact, is typically considered that the lower
backscattering over the oil slicks and the noisy measurements resulting from the
oil slick concur to enhance the oil slick identification (Migliaccio, Nunziata, and
Buono 2015). The above-described result witnesses this is not always true since
even sea surface backscattering is affected by noise at larger AOIs.
4.2. Model-based backscattering analysis
The second experiment consists of interpreting backscattering from oil seep using the two–
scale scattering model previously described. Again, to better understand the behaviour of
oil seep backscattering, a preliminary analysis on slick–free sea surface is provided, discuss-
ing the behaviour of slick–free data points with respect to AOI and predicting slick–free
backscattering using the two–scale scattering model. Model parameters adopted to predict
slick–free and oil-covered sea surface backscattering are summarized in Table 3.
The predicted σ0VV related to slick–free sea surface is shown in magenta in Figure 6(a),
where the data points of Figure 5(b) are also annotated in blue colour together with
a polynomial data fitting (see black dashed line). The fitting is based on a two-term
power series model, i. e., y ¼ axb þ c (coefficient of determination, R2 = 0.77, and root
mean square error, RMSE = 1.77). It can be noted that, as expected, there is a fairly good
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agreement between measurements and model predictions, with the exception of AOI =
34 where model predictions tend to overestimate actual measurements. This is likely
due to the wind conditions of the data points at AOI = 34 that call for an average WS
lower than 5.0 ms1, see Table 1.
To further verify the soundness of the obtained results, the X–band Geophysical
Model Function (GMF), namely X-MOD, developed in (Li and Lehner 2013) is considered
to predict σ0VV using the average WS extracted from the TSX SAR imagery time series, i.e.,
5.0 ms1. The GMF output is shown in Figure 6(a) as a continuous black line. It can be
noted that there is a fairly good agreement between the two–scale model prediction
and the GMF. Their distance is negligible for AOIs up to 45 while it increases at larger
AOIs. Note also that even the GMF overestimates NRCS values at AOI = 34 witnessing
that a lower WS applies for this subset.
The NRCS related to the oil seep is predicted using the theoretical rationale
described in Figure 4 and the results are shown in Figure 6 (b–c). σ0VV is first
predicted considering the surface–effect of the oil seep only (i.e., damping and
reduction of the friction velocity), see Figure 6(b); then, the oil/water mixture is
considered, see Figure 6(c). The surface effects of the oil seep are taken into
account using three different β values (see Equation (7)), i.e., 0.3, 0.5, and 0.7.
The three curves are plotted versus the AOI in Figure 6(b), where they are shown
in asterisked, circled and continuous magenta lines, respectively. The data points
related to the actual NRCS values measured considering the three SAR imagery
subsets are also annotated (in red) together with the polynomial fitting curve, in
dashed black, that best fits the data points (R2 = 0.31, RMSE = 1.83). Experimental
results show that there is no β value that results in a satisfactory fitting for all the
AOIs. This is likely due to the fact that at low AOIs the data points exhibit a large
intra–field variability, while at AOI larger than 40 data points are not reliable since
noise dominates. A fairly good agreement is achieved using β = 0.3 at AOI = 34.
This result agrees with experiments undertaken on a X–band SAR imagery time
series collected during an oil rig accident off the Aberdeen coasts, United Kingdom
(Montuori et al. 2016).
To analyse the effects of the oil/water mixture, eff is included into the backscattering
model to predict σ0VV related to the oil seep (see Equation (9)). Results are depicted in
Figure 6(c) where β = 0.7 and three δi values are used, i.e., 0.1, 0.3, and 0.5. It must be pointed
out that those valuesmay not correspond to the actual oil volume fraction, but they allow us
Table 3. Backscattering model parameters.
Parameter Value
Radar frequency (GHz) 9.6
Radar polarization VV
AOI range () 25–50
Fetch (km2) 500
X–MOD WS (m s1) 5
SST (C) 30
SSS (psu) 35
w 58.19 – j33.13
|E| (N m1) 0.0225
φ () −175
o 2.10 – j0.02
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quantitatively assessing the effects of oil volume fraction on the VV–polarized backscatter-
ing. The three curvers are plotted versus AOI in continuous, circled and asterisked magenta
lines, respectively. It can be noted that, as expected, the backscattered signal reduces when
Figure 6. VV–polarized NRCS backscattering analysis: (a) slick–free sea surface; (b) slick–covered sea
surface modelled using different β values; (c) oil/water mixture modelled using different δi values.
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increasing the oil volume fraction. Even in this case, a fairly good agreement between
model’s predictions and data points can be observed at AOI = 34.
4.3. Multi–polarization sea oil seep observation
The third experiment aims at analysing oil/sea separability against radar polarization,
AOI and WS.
To analyse oil/sea separability with respect to WS, two non–overlapped wind regimes
are identified: low wind (i.e., WS  3.5 ms1) and moderate wind (i.e., WS 	 5.0 ms1),
see Table 1. Then, for each SAR subset, the empirical probability density function (pdf) of
NRCS values belonging to slick–free and oiled ROIs is evaluated and the Bhattacharyya
distance DB (Kailath 1967) is measured between slick–free and oil-covered pdfs, see
Table 4, where DB mean and standard deviation values are listed. The largest DB is
provided by σ0VV for each AOI and for any WS.
It can be also noted that DB decreases for increasing AOI and the largest distance is
achieved under moderate wind regime. In addition, it is clear that the noise significantly
affects separability at AOIs > 34. In fact, oil/sea separability reduces for both channels of
more than 50% when moving from 34 to 43. Among the polarimetric channels, as
expected, the VV one provides slightly better results than the HH one.
4.4. Time evolution of the polluted area
The fourth experiment aims at estimating the oil–affected sea surface area exploiting the
whole time series of TSX SAR imagery. The detection of the see oil seep is undertaken using
the approach proposed in (Migliaccio, Nunziata, and Gambardella 2009; Velotto et al. 2011).
The latter relies on the capability of coherent HH-VV SAR data to emphasize the presence of
an oil slick with respect to the surrounding sea in a very effective and robust way. Basically,
the standard deviation of the phase difference between HH and VV channel is evaluated
that can be considered as an unbiased estimator of the correlation between the co-
polarized channels. The sea surface area affected by the oil seep is expected to call for
a more depolarizing scattering if compared to the clean sea. Hence, the oil-affected area
Table 4. Mean and standard deviation values of the Bhattacharyya distance (DB)
between oil seep and clean ocean relevant to the empirical pdfs of HH and VV
channels. According to Table 1, different AOIs and wind regimes are considered.
DB
Low wind (WS  3.5 m s1)
AOI () HH VV
26 0.88  0.15 0.95  0.17
34 0.53  0.01 0.77  0.04
43 0.18  0.03 0.31  0.02
Moderate wind (WS 	 5.0 m s1)
HH VV
26 1.04  0.23 1.14  0.22
34 0.95  0.29 1.16  0.32
43 0.21  0.03 0.52  0.07
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results in significantly lower HH-VV correlation and, in turn, very larger CPD standard
deviation values (Migliaccio, Nunziata, and Gambardella 2009; Velotto et al. 2011).
The processing consists of evaluating the standard deviation of the phase difference
between the co-polarized channel for each SAR scene. Then, a binary map is obtained
using an empirical threshold (equal to 90). Finally, the area of the polluted sea surface is
evaluated. Results are shown in Figure 7 where a uniform spacing is used along the
x-axis in order to better appreciate results. It can be noted that the analysis of the 42
excerpts of TSX imagery collected in the period July 2011 – April 2016 results in an
average daily polluted area of 2.7 km2. This result agrees with the ‘2017 Cumulative Spill
Report’ published by SkyTruth for the Taylor Energy site, where an average daily extent
of the polluted area of 3.0 km2 was recorded for the period 2011–2014 (Covington
2017). Note that 40 out of the 42 TSX scenes in that period were collected.
Figure 7 further witnesses the inherent random nature of the oil seepage manifesta-
tions. The extent of the polluted area significantly varies along the whole time series,
resulting in a standard deviation of 2.4 km2. Similar results, i.e., a standard deviation of
1.5 km2, was found for the period 2011–2014 in (Covington 2017). It must be also
pointed out that non-negligible changes occur on a daily basis, see, for instance, the oil–
affected sea surface area estimation relevant to the SAR acquisitions of 18 and
19 September 2011 (25 and 26 April 2012), whose extent increases (decreases) from
less than 1.0 km2 up to almost 3.0 km2 (more than 6.0 km2 down to 2.0 km2).
5. Conclusions
In this study, a large time series of 42 dual–polarimetric (HH and VV) SAR measurements,
collected by the TSX mission, is exploited to observe the well-known oil seepage related
to the Taylor Energy oil drilling platform site in the Gulf of Mexico. The analysis is
undertaken to determine the effects of SAR acquisition parameters (AOI, NESZ) and
Figure 7. Extent of the polluted sea surface area estimated from the multi-polarization TSX time series.
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environmental conditions (WS, damping, oil volume concentration) on single-
polarization SAR oil seep observation in order to assess the reliability of the time series.
The two–scale BPM scattering model is adopted to provide a physical framework that
supports a better understanding of the role played by those factors.
Summarizing, the main outcomes are as follows:
● The high NESZ that characterizes TSX strongly limits a reliable interpretation of the
slick–free sea surface and oil seep backscattering evaluated along the time series at
larger AOIs;
● At AOIs > 34 (26), HH– and VV–polarized sea surface (VV–polarized oil seep) back-
scattering is significantly corrupted by noise; this means that oil/sea separability is
noise–affected. Note that this has also important operational implications since,
typically, the lower oil backscattering and noise–affected measurements are consid-
ered to jointly concur in improving polarimetric SAR–based sea oil slick detection
(Migliaccio, Nunziata, and Buono 2015, Migliaccio, Nunziata, and Gambardella 2009);
● Under low–to–moderate conditions, HH and VV channels provide almost the same
oil/sea separation which is not significantly influenced by WS;
● A reliable analysis of oil backscattering can be undertaken at lower AOIs (i.e., < 34) in
VV channel only, when it is shown that the backscattering from an oil seep is affected
by the oil’s damping properties more than its concentration in the water column;
● An average daily polluted area of 2.7 km2 was estimated from the co-polarized TSX
time series. The area polluted by the oil varies significantly on a daily basis.
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